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Abstract—In the electricity market environment, electricity
price forecasting plays an essential role in the decision-making
process of a power generation company, especially in develop-
ing the optimal bidding strategy for maximizing revenues.
Hence, it is necessary for a power generation company to devel-
op an accurate electricity price forecasting algorithm. Given
this background, this paper proposes a two-step day-ahead elec-
tricity price forecasting algorithm based on the weighted K-
nearest neighborhood (WKNN) method and the Gaussian pro-
cess regression (GPR) approach. In the first step, several pre-
dictors, i.e., operation indicators, are presented and the WKNN
method is employed to detect the day-ahead price spike based
on these indicators. In the second step, the outputs of the first
step are regarded as a new predictor, and it is utilized together
with the operation indicators to accurately forecast the electrici-
ty price based on the GPR approach. The proposed algorithm
is verified by actual market data in Pennsylvania-New Jersey-
Maryland Interconnection (PJM), and comparisons between
this algorithm and existing ones are also made to demonstrate
the effectiveness of the proposed algorithm. Simulation results
show that the proposed algorithm can attain accurate price
forecasting results even with several price spikes in historical
electricity price data.

Index Terms—Electricity market, electricity price forecasting,
price spike, weighted K-nearest neighborhood (WKNN), Gauss-
ian process regression (GPR).

1. INTRODUCTION

N a competitive electricity market, electricity price is one
of the most essential factors that should be taken into full
consideration by a power generation company since it plays
a very important role in building its optimal bidding strategy
to maximize the economic benefits. Hence, it is of great sig-
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nificance for a power generation company to accurately fore-
cast the electricity price for participating in the spot market.
The fluctuation of electricity price depends on the combined
effect of many subjectives as well as objective factors, in-
volving complicated randomness in its evolution process [1]-
[3]. Furthermore, the random occurrence of price spikes pres-
ents a huge challenge since the variations of electricity price
in this case does not follow the normal pattern, which leads
to more difficulties for accurate electricity price forecasting.
For example, more than 2.7 million residents lost the power
supply due to the unusual cold spell in February 2021, and
the electricity price was boosted up to 9000 $/MWh. There-
fore, it is essential for a power generation company to pro-
pose an electricity price forecasting algorithm that could
properly address the impacts of price spikes for achieving
good forecasting performance.

So far, several approaches or models have been presented
for forecasting the electricity price in day-ahead electricity
markets. In [4], nonparametric possibility distribution models
for the electricity price are established through convex opti-
mization and used for electricity price forecasting. In [5], op-
timal power flow (OPF) is applied in the supply-demand
matching process, and the structure of an electricity market
is formalized and the nodal prices are forecasted by a holis-
tic approach. In [6], several deep learning approaches for
forecasting spot electricity prices are discussed, and it is con-
cluded that the deep neural network (DNN), long short-term
memory (LSTM) network, and gated recurrent unit (GRU)
network can achieve better performance than the convolution
neural network (CNN). In [7], additive regression models
are combined with functional covariates to forecast the elec-
tricity price. In [8], bagging and random forests based on the
regression tree are used for price forecasting. Both approach-
es in [7], [8] are tested in the Spanish electricity market to
demonstrate their effectiveness.

In [9], grey correlation analysis (GCA) and kernel princi-
pal component analysis (KPCA) are respectively utilized to
select the features corresponding to electricity price and
achieve dimensional reduction, and the support vector ma-
chine (SVM) based on differential evolution (DE) is em-
ployed to forecast electricity price. In [10], the similar day
(SD) approach and artificial neural network (ANN) are com-
bined to forecast day-ahead electricity price in the Pennsylva-
nia-New Jersey-Maryland Interconnection (PJM) electricity
market. Similarly, ANN is also used in [11] with wavelet
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analysis based on the Mexican hat wavelet to achieve higher
forecasting accuracy. Considering the limitations of ANN, e.
g., slow training speed and local optimality, extreme learning
machine (ELM) and bootstrapping are employed in [12] and
show potential capabilities for online market price forecast-
ing.

In [13] and [14], the concept of price perdition intervals is
introduced, with the price forecasted in a range subject to a
given reliability level rather than a single value. Besides,
ELM and the non-dominated sorting genetic algorithm II
(NSGA-II) are utilized together to find the Pareto optimal
perdition intervals for electricity price. In [15], the relevance
vector machine (RVM) is presented for price forecasting
with regression coefficient evaluation based on the micro-ge-
netic algorithm. It should be noted that it is important to ex-
tract and select appropriate features as the input data for
electricity price forecasting. In [16], the concept of interac-
tion of price feature selection is addressed and measured by
information-theoretic criteria (ITC). Then, the hybrid filter-
wrapper approach with relevancy, redundancy, and interac-
tion among candidate input data considered is used to find
the most appropriate features for forecasting. In [17], a
weight nearest neighborhood (WNN) based approach is pro-
posed, and the electricity price is forecasted by the linearly
weighted combinations of the actual former prices. In [18],
the Elman network is utilized for electricity price forecasting
considering its irregular fluctuation, which achieves better
performance than autoregressive integrated moving average
(ARIMA) and WNN based approaches. In [19], a stacked
nosing autoencoder (SDA) model is extended to forecast
electricity price, whose effectiveness is further validated in
industrial applications.

In [20], normal and random spikes of electricity spot price
are handled by the autoregressive time-varying model and
kernel regression, respectively. In [21], an intra-hour rolling
horizon framework is presented, which can recognize the
spike and large variation of electricity prices. In addition, a
review of state-of-the-art techniques about electricity price
forecasting is given in [22], which aims to illustrate the prin-
ciple of the solutions and their strengths and weaknesses.
Furthermore, a review of probabilistic forecasting technique
that aims to predict quantiles or the whole distribution is al-
so represented in [23] for forecasting electricity price reason-
ably. To study the influence of price spike on electricity
price forecasting, the kernel SVM technique is utilized in
[24] to determine whether the price is in normal ranges or is
a spike so as to forecast the price more accurately with the
SVM regression or Bayesian classifier with benefit maximi-
zation (BCBM) [25]. In [24] and [25], existence is intro-
duced as a binary indicator for each time to indicate whether
a price spike occurs in the past 24 hours and it is confirmed
from statistical analysis on the Queensland (QLD) market
that spikes tend to occur together over several hours but no
longer than a day. In [26], a novel multivariate dynamic
model for price forecasting is proposed and the copula repre-
sentation is utilized for characterizing the joint distribution
of electricity price so as to achieve a better result. In [27],
the forecasting of price spikes in the Ontario market is dis-

cussed, and different neural networks are utilized to forecast
the electricity price with and without price spikes.

However, there are still several limitations for these pro-
posed approaches or models and they can be summarized in-
to six categories. () The nonlinearity of market price is not
considered in the employed time-series-based techniques and
the criteria to determine the window length is not addressed,
which would lead to less accurate results, e.g., [4], [5], and
[7]. @ Electricity price spikes are not considered, which
could lead to large forecasting errors in real market opera-
tion, e.g., [4]-[19]. @ The nonlinearity of market price is
considered in the employed multi-layer feed-forward neural
network with the backpropagation training algorithm, but the
performance is inferior to those of deep learning approaches,
e.g., [8], [10], and [11]. @ Accurate market price forecasting
is achieved by several deep learning approaches, but it is
hard to determine the hyper-parameters which have signifi-
cant impacts on the final performance and hence on poten-
tial practical applications, e.g., [6]. & Price spikes are con-
sidered separately from normal price patterns in the forecast-
ing process but how to detect the existence of price spikes is
not addressed in detail, e.g., [20]. ©® Price spikes can be de-
tected, but the forecasting accuracy can be further improved
by employing available advanced methods such as sophisti-
cated machine learning approaches, e.g., [9], [21]-[27].

In light of the above considerations, this paper aims to
propose a two-step day-ahead electricity price forecasting al-
gorithm. In the first step, the occurrence of price spikes is
determined in advance by the weighted K-nearest neighbor-
hood (WKNN) method considering several spike-related indi-
cators, which can be regarded as a classification problem. In
the second step, the situation indicator of the price, i.e., 0
for the normal situation and 1 for the spike situation, is add-
ed as a new indicator and the electricity price is forecasted
based on the Gaussian process regression (GPR) approach,
which can be regarded as a regression problem. The main
contributions of this paper can be summarized as follows.

1) Compared with previous studies, several new operation
indicators including prior knowledge and recorded historical
ones are presented and they are combined to detect the oc-
currence of price spikes in advance with the help of the
WKNN method. Besides, the importance degree, i. e.,
weight, of data is also considered according to the variation
characteristics of electricity price, which can detect the price
spikes more accurately.

2) With the characteristics of electricity price data consid-
ered, the GPR approach with the exponential kernel function
and hyper-parameters determined by Bayes estimation is ini-
tially employed for electricity price forecasting. Case studies
show that it can achieve less forecasting error compared
with other price forecasting methods.

3) With the help of the proposed two-step day-ahead elec-
tricity price forecasting algorithm, it is no longer needed to
forecast the price in normal and spike situations separately.
Whether price spikes will occur is denoted as one of the in-
put parameters and is utilized together with the presented op-
eration indicators in the second step. Therefore, the proposed
algorithm can distinguish these two situations automatically
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and only one GPR-based forecasting model rather than two
is required, which simplifies the forecasting process.

II. ELECTRICITY PRICE SPIKE DETECTION BASED ON WKNN
METHOD

As mentioned above, price forecasting largely depends on
regression analysis, i.e., a typical kind of predictive model-
ing technology. To be specific, based on the analysis of his-
torical data, a certain relationship among variables can be de-
tected and thus a time series model can be built to forecast
the future market prices. In a price series, price spikes refer
to those that are exceptionally higher or lower than normal
ones, which are usually caused by a short-term imbalance be-
tween power supply and demand. For example, on August
2019 and February 2021, electricity prices soared in the
wholesale electricity market of Texas, USA exceeded 9000 $/
MWh [28]. In fact, the price spikes are outlier points in the
price series, which can greatly influence the performance of
price forecasting with regression approaches. To make up for
this deficiency and reduce the impact of price spikes on
price forecasting as much as possible, the electricity price
spike detection method based on the WKNN-based method
is proposed in this section.

Before employing the proposed WKNN-based method,
several predictors, i.e., operation indicators, associated with
the occurrence of price spikes, are proposed based on the in-
formation disclosure of an electricity market. The operation
indicators can be divided into two types, i.e., prior knowl-
edge indicators associated with the forecasted day shown in
Table I and recorded historical indicators shown in Table II.
It can be observed that all the indicators in Table I can be
obtained before the day of price forecasting, although they
may not be exactly the same as the actual data during the
next day’s operation. Specifically, the 1% and 2" indicators
in Table I are the date information which is known in ad-
vance; the 3" and 7" indicators are forecasted by power gen-
eration companies and can be obtained one day in advance;
and the 4", 5", and 6" indicators are scheduled by power
generation companies and can also be obtained one day in
advance. All the indicators listed in Table II can be deter-
mined based on actual recorded data, but only the past, i.e.,
historical, values of them can be utilized for electricity price
spike and price forecasting in current stage. Considering the
inherent periodicity of electricity market operation [29], the
week-ahead and day-ahead indicators are selected. It is
worth mentioning that: ) h*® and A™ represent the total
amounts of economic and emergency megawatts offered in
the energy market based on offers of power generators, re-
spectively; and 2 h"°° is forecasted by PIM based on avail-
able information. More details about the indicators listed in
Table I and Table II can be found in [30]-[35].

These operation indicators concerning both power genera-
tion and consumption have certain impacts on the occur-
rence of the price spike. The philosophy of selecting the op-
eration indicators can be summarized as follows. To consider
the supply-demand relationship of electricity, the indicators
K™ and h™° are presented. To consider the cost of genera-
tion and spinning reserve, the indicators A" and A™ are pre-
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sented. To consider the weather variation in different months
and user behaviors, the indicators A" and h" are presented.
To reflect the outage risks, the indicator A*°° is presented. In
fact, electricity price series contain several nonstationary fea-
tures such as trends, changes in level and slope, and season-
ality. These features are often important and have impact on
the parts of the price signal, which should be considered. On
the one hand, A™ and A" can partly characterize the nonsta-
tionary features and the changes of trends and seasonality;
on the other hand, the recorded historical indicators A",
pARATL ) pRGATT L ptGAnl s pThAT S and ™! can also provide
periodic and actual information that contributes to price
spike detection.

TABLE I
PRIOR KNOWLEDGE INDICATORS ASSOCIATED WITH FORECASTED DAY

No. Prior knowledge data Reference Indicator
1 Month ™
2 Time '
3 Forecasted load [30] "
4 Scheduled total generation output [31] h'se
5 The maximum economic generation capacity [32] h*
6  The maximum emergency generation capacity [32] M
7 Forecasted generation outage [33] h'e

TABLE II
RECORDED HISTORICAL INDICATORS

No. Historical data Reference Indicator
8 Week-ahead actual load [34] nA
9 Day-ahead actual load [34] nA-!
10 Week-ahead total generation output [35] B
11 Day-ahead total generation output [35] e
12 Week-ahead total power loss [35] n
13 Day-ahead total power loss [35] B

It should be mentioned that the price spikes can be caused
by extreme weather, transmission congestion, forced genera-
tor or line outage, tight reserve capacity, and a high concen-
tration ratio of reserve capacity. Although indirectly, these
factors are considered in the presented indicators. For exam-
ple, the extreme weather and forced generator or line outage
can be reflected by the indicators A™ and A"°°. Similarly,
transmission congestion, tight reserve capacity, and high con-
centration ratio of reserve capacity can be reflected by the in-
dicators h™° and h"C. Therefore, these physical factors are
considered indirectly indeed. The reason why they are not
taken into consideration directly is that these physical factors
are not quantified as data in the current database. Thus, this
paper considers these factors through several operation indi-
cators for detecting price spikes.

Hence, these operation indicators are utilized as the input
data of the WKNN classifier. The feature of the i" price data
can be denoted by an indicator vector x, as:

X =AY B,

AL, d-17 AL, d-1 LG, d-7 LG,d-1 TL,d-7 TL,d-1
RAATT A G AT LG A T AT ]

()
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Besides, the target data of the WKNN classifier can be ob-
tained according to the thresholds determined in [24] as:
PH

thres

=fip+20p

2

3)
where P and Py are the upper and lower thresholds for
defining price spikes, respectively; and u, and o, are the
mean value and standard deviation of historical electricity
prices, respectively. If the market price P, is beyond the
range of [P} .. Pi ], it is then regarded as the price spike
(v;=1); otherwise, it is regarded as the normal price (y,=0).
Thus, the input and target data of the WKNN classifier for
price spike detection are all settled. The WKNN classifier of

price spikes fynn €an be represented as:
YVnew :fWKNN (xnew|(xlﬂyl )7(x2’y2 )7 -~-,(xN "IN ))

train train

L
P thres

=pp—20,

“)
where y,., €{0,1} and x,,, are the label and indicator vector
of data point to be classified, respectively; and N, is the
number of training data samples, which is related to the size
of the data set. In fact, the WKNN method classifies the
samples, i.e., prices at different time, by measuring the dis-
tances among their several features, i.e., the operation indica-
tors associated with price spikes. The motivations of using
WKNN method are: (D K-nearest neighborhood (KNN) and
WKNN methods are online technologies where new data can
be added directly to the data set without retraining; 2 KNN
and WKNN methods can be used for nonlinear classifica-
tion; and B the computation complexity of KNN and
WKNN methods is O(n), which can be solved quickly. Be-
sides, the most essential improvement of WKNN method
compared with KNN method is that the voting process of
WKNN method is weighted. It is widely accepted that a
gradual increase/decrease in electricity price is normal, but
an abrupt change should be recognized as a spike. There-
fore, the KNN method may misclassify the normal data
points of price into the spike ones while the WKNN method
will not. This improvement is based on the idea that the data
point which is particularly near the unclassified data point
should be given much more considerations, i.e., a larger
weight. The basic idea of WKNN method is that if the
weighted majority of the K most similar samples, i.e., the K
nearest neighbors in the feature space, of a sample belong to
a certain class, then the sample will also be determined as
an element of this class. It should be noted that the parame-
ter K in WKNN method is an integer smaller than 20, and it
can be given in advance by experience or determined
through the WKNN training process automatically [36]. To
illustrate the idea of the WKNN method for price spike de-
tection, a schematic diagram is given in Fig. 1.

The first process is to look at the data, i.e., to find the lo-
cations of currently detecting price data with unknown class
and past detected price data with individual but known class
labels, i.e., y,=0 or y,=1, in feature space. For example, the
black point represents the price data to be classified, the red
points represent the price spike data in the past, and the
green points represent the normal price data in the past, re-
spectively.
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Fig. 1. Schematic diagram of WKNN method. (a) Process 1: look at data.
(b) Process 2: calculate distances. (c¢) Process 3: find neighbors. (d) Process
4: vote by weight majority.

The second process is to calculate the distances between
the unclassified price data and all the other classified data
one by one, i.e., the distances between the black point and
other points.

The third process is to find the neighbors of the black
point by ranking the other points in ascending order. For ex-
ample, the point with the shortest distance away from the
black one is the 1* nearest neighbor, the point with the sec-
ond shortest distance away from the black one is the 2™
nearest neighbor, and the rest can be finished in the same
manner. Thus, the K nearest neighbors of x,, are obtained
and they can be denoted as a set ¢,.

The final process is to vote the class of unclassified data
points by the weighted majority. The more recent the price
data are, the larger the weights will be set, vice versa. In
WKNN method, the weights w,, w,, ..., w, of different data
points are determined by the kernel function. More discus-
sions about the distance and weight determinations can be
found in [37]. Thus, the class label of x,, can be deter-
mined by:

View = argmax z w l(3=y,)

4 Gry)e by ®)
where /() is the indicator function, which equals to 1 if
9=y, is true and equals to 0 if 3=y, is false.

The case in Fig. 1 is taken as an example to further illus-
trate the above-mentioned process. There are 4 points belong-
ing to the normal price data set while one point belonging to
spike price data if K=35 is given. Assume that the weights of
these points determined are w,=0.34, w,=0.25, w,;=0.17,
w,=0.14, and w;=0.10, respectively, then the unclassified
data point will be classified as the normal one, since (0.34 +
0.25+0.14+0.10)x1>0.17x 1, and thus the normal class

wins the vote in this case.
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III. ELECTRICITY PRICE FORECASTING BASED ON GPR
APPROACH

Once the price spike in a given price series has been de-
tected, the indicator y can be used as a new indicator for
electricity price forecasting apart from the previously de-
fined indicator x,. Therefore, the electricity price forecasting
can be represented as a regression analysis problem and for-
mulated as:

Zoew =S+ PoelV1521 ) (V2.25), .00 Wy, 2N, ) (6)
vi=(x,y;) (7N
where z,.,€R and v are the electricity price to be fore-

casted and corresponding input data vector, respectively; z,
and v, are the i" price data and corresponding input data vec-
tor, respectively; and f, is the regression operator. In this pa-
per, the GPR approach is utilized for forecasting the electrici-
ty price and the motivations are four folds. (O GPR ap-
proach can give a possibility distribution for forecasted elec-
tricity prices, which cannot be accessed by other machine
learning approaches. (2) Prior knowledge, i.e., the indictors
defined in Section II, can be added at this step and the shape
of the regression model can be described by selecting differ-
ent kernel functions [38]. 3 GPR approach is a statistical in-
terpolation and non-parametric modeling approach based on
Bayesian learning, which can provide a flexible hierarchical
Bayesian framework for regression and prediction [39], [40].
@) GPR approach is also an effective kernel-based machine
learning approach and different kernel functions can be em-
ployed to deal with the nonlinearity of electricity prices. The
precondition, i.e., assumption, of the usage of GPR approach
is that the data should be in approximate Gaussian distribu-
tion, which is consistent with the actual situation of electrici-
ty price data for most situations.

To measure the relation between the forecasted electricity

price z,,, and the Gaussian distribution, the exponential ker-
nel function, i.e., covariance function, is involved:
1Pl
202 ®)

(D(V[, View ): Qfe
where o, is the maximum allowable covariance; and o, is the
length parameter. Thus, the matrices of kernel functions for
training data, training data combined with testing data, and
testing data can be respectively expressed as:

P v) PV V) vy )
& w(vz.,vl) co(vz,.vnew) w(vz,.va) ©)
oWy V1) Oy View) oy, Vy,.)
D.=[p(V. Vo) O(V3: Vi) Py Ve )] (10)
Do = (Ve View) (11)

It should be noted that several kernel functions can be se-
lected for GPR approach, and the exponential kernel func-
tion can achieve the best performance, which will be further
discussed in Section IV. In Gaussian processes (GPs), data
located all over the domain are generated. In this way, any
of the finite subset of the range of electricity price follows a
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multivariate Gaussian distribution. Thus, the observations in
the electricity price data set can always be regarded as a
sample from a multivariate Gaussian distribution, i.e.,

el )

where z=[z,,2,, ... 2y ]". Furthermore, the possibility of z,,

(12)

given z is subjected to Gaussian distribution and can be de-
rived into [38]:
2y N( @D 2, .. — DO D))

13)

It can be observed that the mathematical sense of z,_ |z is
exactly the electricity price forecasting result considering the
training set, and the best electricity price forecasting result is

the mean value of the distribution, i.e.,

Jarr Wnel1521) (v2.25)s 00 (O 52, )=@.07'z (14)

where f,; is the GPR operator. It should be noted that the
performance of the proposed GPR-based approach is greatly
dependent on the setting of kernel function and its hyper-pa-
rameters, i.e., d=(0,0,). In fact, the best value of ¢ can be
obtained when the prior probability p(d|v,z) reaches its maxi-
mum, and v=(v,). However, there is usually little prior
knowledge about J, so Bayes estimation [41], which is
based on the maximum likelihood, is utilized to adjust é by
maximizing the post probability as:

N
maxlnp(z|v,5)=—%z¢’lz— %1n||6 | - %m 2n (15)

Once the optimal hyper-parameters are determined, the
electricity price can be forecasted accurately by (14). The
flowchart of the proposed two-step day-ahead -electricity
price forecasting algorithm is given in Fig. 2. It should be
noted that the proposed WKNN-based method and GPR-
based approach are trained off-line.

IV. CASE STUDIES

To verify the effectiveness of the proposed WKNN-based
method and GPR-based approach, the real data in the domin-
ion area of the PJM electricity market from 2010/01/01 to
2019/12/31 are utilized, which can be accessed from PJM da-
ta miner [42]. The time interval between two data samples is
1 hour. Thus, nearly 88000 data samples are utilized and
80% of the available data are assigned as training data while
the rest are assigned as testing data in this paper. Therefore,
N yain = 88000 x 80%=70400. All the case studies and com-
parisons are performed by MATLAB 2019a software de-
ployed on Windows 10 platform with Intel Core i5-8250U
and 8 GB RAM.

A. Verifications for Proposed WKNN-based Method

To evaluate the effectiveness of the proposed WKNN-
based method, some evaluation indicators, i.e., accuracy, pre-
cision rate, recall rate, and F1 value of price spike detection
are given as:

Vspike

accuracy

:(NTP+NTN )/(NTP+NTN+NFP+NFN)
Vo =Npp/(N1p+ Nip)

precision

Vo= NTP/(NTP + Ny )

recall

(16)
)
(18)
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| Import historical data of electricity market from data base |
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i
| Determine the historical price spikes by (2) and (3)

Determine the values of input data for the WKNN-based
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)

| Train the price spike detection model and obtain

Determine the values of input data for the GPR-based
approach by (7)
!

Tune the hyper-parameters of the GPR-based approach
by Bayes estimation
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Fig. 2. Flowchart of proposed two-step day-ahead electricity price forecast-
ing algorithm.

V spike __

19)
where N, Ny Np, and N, are the numbers of false nega-
tive, false posmve, true negative, and true positive samples
of price spikes, respectively. The larger the values of V7ie |
Vo eon Vb, and V™ are, the better the detection method
will be [43]. It is worth mentioning that the price spike de-
tection is quite an unbalanced classification problem since
the number of price spikes is much fewer than that of nor-
mal ones. Hence, the recall rate and F1 value are more es-
sential for this work.

The overview of the electricity prices in the testing data
set, i.e., 2018/01/01 to 2019/12/31 in dominion area of PJM,
and the corresponding upper threshold P{_=102.56 $/MWh
and lower threshold P} =-36.86 $/MWh determined based
on historical data are shown in Fig. 3.

It can be observed from Fig. 3 that there are numerous
price spikes and the accuracy of price forecasting will be
largely influenced if they are not detected in advance. Thus,
the proposed WKNN-based method is employed to detect

=2 %4 splke splke /(V splke

splke )
precision recall precmon

recall

the price spikes and the results are shown in Table IIl. In
fact, there are 412 price spikes and 16868 normal prices in
total. It can be observed that the precision rate V;f;‘cklim

62.1% and the recall rate V% is 52.0%, which means that
62.1% of the detected price spikes are true spikes in practice
and 52.0% of the true spikes are detected by the proposed
WKNN-based method. Besides, its total accuracy V;cpc‘l'jfacy

97.7% and the F1 value V™ is 56.6%. The results obtained
by the KNN method are also given in Table III, and it can
be observed that the proposed WKNN-based method outper-
forms the KNN method in terms of all four indicators. Mean-
while, it can be observed from Table III that the proposed
WKNN-based method achieves the largest values of Vascpc‘i‘facy
and VP among different methods. Although the recall rates
of the methods based on the decision tree and bagged trees
are higher than the proposed WKNN-based method, their
precision rates are much smaller. Therefore, it can be con-
cluded that the proposed WKNN-based method performs
well in price spike detection and outperforms the other meth-

ods with regard to most of the evaluation indicators.

1000 Electricity price

= 800 ---Upper threshold

; 600 ---Lower threshold

& 400

8 200f | bl L iAo Lkl ] AT R
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Date
Fig. 3. Overview of electricity price from 2018/01/01 to 2019/12/31 in do-

minion area of PJM.

TABLE III
COMPARISONS AMONG DIFFERENT PRICE SPIKE DETECTION METHODS

Method Vbt (%) VIR (%) Ve (%) V™ (%)
Decision tree 54.1 52.7 97.7 53.4
Linear discriminant 55.3 18.8 93.3 28.1
Quadratic discriminant 49.0 23.6 95.0 319
Kernel Naive Bayes 42.7 35.1 96.8 38.6
SVM 46.6 18.1 93.7 26.1
Bagged trees 27.2 52.8 97.7 35.9
RUSBoosted trees 66.0 47.6 97.5 55.3
KNN 51.2 49.4 97.6 50.3
Proposed 62.1 52.0 97.7 56.6

B. Verifications for Proposed GPR-based Approach

To evaluate the effectiveness of the proposed GPR-based
approach, some evaluation indicators, i.e., root mean square
error (RMSE) and mean absolute error (MAE) [44] are giv-
en as:

N,

1 &S .
Vemse = N z(zj —Z )2

test j=1

(20)

Niest

z|z z|

test Jj=

ey

MAE

where z, and Ej are the actual and forecasted values of elec-
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and N

test

tricity prices, respectively; is the total number of
samples in the testing data set.

To better illustrate the effectiveness of the proposed GPR-
based approach, the actual and forecasted electricity prices
obtained by the proposed GPR-based approach in three typi-
cal days with and without price spikes are given in Figs. 4,

5, and 6.
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Fig. 4. Results obtained by proposed GPR-based approach on 2018/08/13
without price spikes.
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Fig. 5. Results obtained by proposed GPR-based approach on 2018/03/22
with a single price spike.
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Fig. 6. Results obtained by proposed GPR-based approach on 2019/06/24

with multiple price spikes.

It can be observed from the figures that: (D the proposed
GPR-based approach with the price spike detection in ad-
vance achieves quite smaller errors compared with the one
without price spike detection; (2) the performance difference
between them is much larger in the days with a single price
spike or multiple price spikes, which means that employing
the price spike detection at first is very essential for price
forecasting. For the whole testing data set, the proposed
GPR-based approach also obtains a good performance with
Vamse=15.862 and Vy,,;=4.806. The results of comparisons
among different approaches for electricity price forecasting
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are also given in Table IV. It should be noted that the values
of RMSE and MAE are related to the maximum absolute
value (MAV) of prices in the market, and it would be quite
smaller if per-unit values rather than actual values are used.
Therefore, RMSE and MAE are only eligible for compari-
sons in the same market and at the same time.

TABLE IV
COMPARISONS AMONG DIFFERENT APPROACHES FOR ELECTRICITY PRICE
FORECASTING WITH AND WITHOUT PRICE SPIKE DETECTION

Without price spike With price spike

Approach detection detection
RMSE MAE Time (s) RMSE MAE Time (s)
Interaction linear ) 4o gog3 7023 17437 6162 5624
regression
Boosting trees  20.445 6797 111.890 16471 5341  29.711
Exponential GPR ~ 19.181 6477 629330 15.862 4.806 556.600

It can be observed from Table IV that the proposed GPR-
based approach with exponential kernel, i.e., exponential
GPR, achieves the smallest values of RMSE (15.862) and
MAE (4.806) among all the approaches, which indicates that
it outperforms other approaches concerning the forecasting
accuracy. Among other approaches, the ensemble approach,
i.e., boosting trees, achieves relatively good accuracy since it
synthesizes more predictor structure or considers the time se-
quence characteristics. Besides, it can be observed that the
results obtained by the approaches with price spike detection
are much better than the ones without price spike detection,
which means the first step of the proposed algorithm, i.e.,
price spike detection, is necessary and useful.

To demonstrate the performance of the proposed algo-
rithm, several other state-of-the-art algorithms [6], [8], [45]-
[48] are employed for comparisons, and the results are
shown in Table V. It can be observed that the proposed algo-
rithm can always achieve the least RMSE and MAE com-
pared with other algorithms, which means the proposed algo-
rithm obtains the best performance concerning forecasting ac-
curacy.

TABLE V
COMPARISONS AMONG DIFFERENT ELECTRICITY PRICE FORECASTING
ALGORITHMS

Algorithm RMSE MAE Time (s)
Regression forest [6], [8] 17.851 5.210 11.918
RVM [45] 16.342 5.231 324.532

SVM [46] 17.142 5.435 194.232

CNN [47] 16.254 5.034 553.354
LSTM [48] 15.934 4.994 994.452
Proposed 15.862 4.806 556.600

As for the computation time, the proposed algorithm out-
performs the CNN and LSTM algorithms, but is inferior to
the other algorithms. Besides, the computation time of CNN
and LSTM algorithms is relatively longer than the others.
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The reason is that these algorithms utilize either the kernel
and ensemble techniques or deep learning models, which
would achieve better performance but cost a longer time
than single machine learning algorithms. However, it should
be mentioned that the computation time listed in Tables IV
and V is associated with the off-line training stages of these
algorithms, and the computation time used for online fore-
casting stages is very short, i.e., within 1 s; therefore, the
proposed algorithm can meet the time requirements in practi-
cal use. Furthermore, the electricity price forecasting is day-
ahead and will be just performed once a day commonly;
therefore, it is worth acquiring a higher forecasting accuracy
by a slightly longer computation time.

V. DISCUSSION

There are two critical parameters for the proposed algo-
rithm, i.e., the parameter K in the proposed WKNN-based
method and the kernel function utilized in the proposed
GPR-based approach. Therefore, the analysis of the impact
of these two parameter settings is performed in detail in this
section.

A. Discussions About Parameter K in Proposed WKNN-
based Method

As mentioned in Section II, the parameter K can be given
in advance by experience or determined through the WKNN
training process automatically [36]. To study the impact of
setting of K on the proposed WKNN-based method, the cor-
responding sensitive analysis is performed and the results
are shown in Table VI.

It can be observed that the setting of K does influence the
effectiveness of price spike detection and the performance
gets better gradually when K<4 and gets worse gradually
when K>4. The best performance is obtained when K=4
with the largest values of V:tlke. —yspike pepike  “ang yapike

precision? recall» accuracy?

Therefore, K=4 is selected for price spike detection in this
paper.
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TABLE VI
SENSITIVE ANALYSIS OF PARAMETER K FOR PROPOSED WKNN-BASED
METHOD

K Vpmesion (%0) v (%) Varey (%0) Vit (%)
1 14.6 14.9 96.0 14.7
2 17.0 16.5 96.0 16.7
3 28.4 24.6 96.2 26.4
4 62.1 52.0 97.7 56.6
5 42.7 33.8 96.6 37.7
6 17.0 14.2 95.6 15.5
7 38.8 25.5 95.8 30.8
8 41.3 42.0 97.2 41.6
9 432 43.5 97.3 434
10 214 3.5 84.1 6.0

B. Discussions About Kernel Function of Proposed GPR-
based Approach

As mentioned in Section III, the selection of kernel func-
tion for the proposed GPR-based approach is quite essential
and has a large impact on the final performance of price
forecasting. To be honest, there is no universal method for
selecting the kernel function, and it is hard to give the spe-
cific reasons why selecting a given kernel function. In most
situations, the kernel function is selected according to the en-
gineers’ experience and the trial-and-error method is also
used usually to determine the kernel function with the best
performance. If the performances of several kernel functions
are similar, the kernel function with the least complexity
should be used since it can avoid over-fitting problems and
has a better generalization ability. Therefore, four commonly
used kernel functions, i.e., squared exponential, Matern 5/2,
rational quadratic, and exponential [49], [50], for the pro-
posed GPR-based approach are compared and the results ob-
tained by them are given in Table VII and shown in Figs. 7,
8, and 9. r,=||v,—v,,ll and a is a positive-valued scale-mix-
ture parameter.

TABLE VII
COMPARISONS AMONG DIFFERENT KERNEL FUNCTIONS FOR PROPOSED GPR-BASED APPROACH

Without price spike detection With price spike detection

Kernel function Formula g(v;, v, ) : i

RMSE MAE Time (s) RMSE MAE Time (s)

2
Squared exponential zrf exp(— %) 20.723 7.838 829.160 23.387 6.471 2217.100

0

Ve, s\ [ VEr
Matern 5/2 o—fz(l + il + % exp|— i 20.237 7.382 984.610 19.103 5.689 1021.900
o o; o
, @
Rational quadratic af| 1+ %) 20.445 7.683 1643.300 26.817 6.675 3150.800
’ ao;

rZ
Exponential o, exp ey 19.181 6.477 629.330 15.862 4.806 556.600

1

It can be observed that the exponential kernel function
achieves the best performance with regard to all the values
of RMSE, MAE, and computation time. Concretely, the dif-
ference is not very large in the typical day without a price

spike, while it is significant at the time of price spike in the
typical day with a single price spike or multiple price
spikes. Therefore, it can be concluded that the exponential
kernel function is the most suitable one for the application
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of electricity price forecasting of this paper.
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Fig. 7. Results obtained by proposed GPR-based approach with different
kernel functions on 2018/08/13 without price spikes.
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Fig. 8. Results obtained by proposed GPR-based approach with different
kernel functions on 2018/03/22 with a single price spike.
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Fig. 9. Results obtained by proposed GPR-based approach with different

kernel functions on 2019/06/24 with multiple price spikes.

VI. CONCLUSION

In this paper, a two-step day-ahead electricity price fore-
casting algorithm is proposed, in which the price spikes are
detected by the WKNN-based method first and then the elec-
tricity price is forecasted by the GPR-based approach. The
necessity and effectiveness of price spike detection before
forecasting are systematically addressed, and comparisons
with several other price forecasting algorithms are carried
out. Besides, the selection of the kernel function for the pro-
posed GPR-based approach is also discussed. The following
conclusions are attained.

1) It is essential to detect the price spikes at first and uti-
lize the spike indicator as one of the features for the pro-
posed GPR-based approach. Simulation results show that the

price forecasting algorithm with the price spike detection
makes much smaller errors compared with the one without
the price spike detection.

2) The performances of the proposed GPR-based approach
are closely related to its kernel function and the exponential
kernel function is demonstrated as the one that can obtain
better performance compared with other kernel functions af-
ter detailed comparisons.

3) The performances of price forecasting algorithms are
greatly influenced by the occurrence of price spikes. The
number of forecasting errors is much larger in the days with
multiple price spikes than the days without price spikes.
Therefore, the more accurate price spike detection is the key
research point of electricity price forecasting, which is also
part of our future work.
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